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ABSTRACT
The MERRA-2 atmospheric reanalysis product provides global, 1-hourly estimates of land surface con-
ditions for 1980–present at;50-km resolution. MERRA-2 uses observations-based precipitation to force the
land (unlike its predecessor, MERRA). This paper evaluates MERRA-2 and MERRA land hydrology es-
timates, along with those of the land-only MERRA-Land and ERA-Interim/Land products, which also use
observations-based precipitation. Overall, MERRA-2 land hydrology estimates are better than those of
MERRA-Land and MERRA. A comparison against GRACE satellite observations of terrestrial water
storage demonstrates clear improvements inMERRA-2 overMERRA in SouthAmerica andAfrica but also
reflects known errors in the observations used to correct the MERRA-2 precipitation. Validation against
in situ measurements from 220–320 stations in North America, Europe, and Australia shows that MERRA-2
and MERRA-Land have the highest surface and root zone soil moisture skill, slightly higher than that of
ERA-Interim/Land and higher than that of MERRA (significantly for surface soil moisture). Snow amounts
from MERRA-2 have lower bias and correlate better against reference data from the Canadian Meteoro-
logical Centre than do those of MERRA-Land and MERRA, with MERRA-2 skill roughly matching that of
ERA-Interim/Land. Validation with MODIS satellite observations shows that MERRA-2 has a lower snow
cover probability of detection and probability of false detection than MERRA, owing partly to MERRA-2’s
lower midwinter, midlatitude snow amounts and partly to MERRA-2’s revised snow depletion curve pa-
rameter compared to MERRA. Finally, seasonal anomaly R values against naturalized streamflow mea-
surements in the United States are, on balance, highest for MERRA-2 and ERA-Interim/Land, somewhat
lower for MERRA-Land, and lower still for MERRA (significantly in four basins).
1. Introduction
Retrospective analysis (reanalysis) data products are
based on the assimilation of a vast number of in situ and
remote sensing observations into an atmospheric general
circulation model (AGCM) and provide global, subdaily
estimates of atmospheric and land surface conditions
across several decades. The recent Modern-Era Retro-
spective Analysis for Research and Applications, version
2 (MERRA-2; Gelaro et al. 2016, manuscript submitted
to J. Climate), provides data beginning in 1980 and con-
tinuing to the present. MERRA-2 replaces and extends
the original MERRA dataset (Rienecker et al. 2011),
which ended in February 2016. The MERRA-2 hori-
zontal resolution (;50km) and the publication latency
of a few weeks remain similar to those of MERRA. Re-
cent upgrades in theMERRA-2 atmospheric assimilation
system facilitate the use of newer satellite observations
that could not be assimilated in the original MERRA
system. Moreover, MERRA-2 benefits from advances
in the Goddard Earth Observing System, version 5
(GEOS-5), AGCM.
Another new element in MERRA-2 is its use of
observations-based precipitation data products to drive
the land surface water budget (and aerosol wet de-
position). Precipitation is the dominant driver of land
surface hydrologic conditions. Inmost reanalysis systems,
including the original MERRA, the precipitation seen by
the land surface is generated by the system’s AGCM
following the assimilation of atmospheric observations.
The model-generated precipitation is subject to signifi-
cant errors in amounts and timing, which adversely im-
pact the land surface hydrology estimates. To avoid this
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problem, the MERRA-2 model-generated precipitation
is corrected with gauge- and satellite-based precipitation
observations before reaching the surface. Observation-
corrected precipitation was also used in MERRA-Land,
an offline, land-only reanalysis product that supplements
the originalMERRAproduct (Reichle 2012). Because of
the precipitation corrections and important land model
updates, primarily to the rainfall interception parame-
terization, MERRA-Land provided significantly better
land hydrology estimates than the original MERRA
product (Reichle et al. 2011).
Theprecipitation corrections inMERRA-2 are a refined
version of those used in MERRA-Land [section 2a(1)].
Reichle et al. (2017) show that overall the (corrected)
MERRA-2 precipitation has lower bias and higher
correlation and anomaly correlation values versus a
reference dataset compared to both the MERRA-Land
precipitation and the (uncorrected) AGCM-generated
precipitation from MERRA-2 and MERRA. Moreover,
in MERRA-2 the precipitation is corrected within the
coupled atmosphere–land modeling system, allowing the
near-surface air temperature and humidity to respond to
the improved precipitation forcing. MERRA-2 thus pro-
vides more self-consistent surface meteorological data
than were used for MERRA-Land (Reichle et al. 2017).
This enhanced self-consistency in the forcing data also
contributes to improvements in the MERRA-2 land sur-
face estimates. Additional improvements in MERRA-2
include the seamless spinup of the land surface initial
conditions in the low and midlatitudes, where pre-
cipitation observations of sufficient quality are avail-
able for use in the reanalysis (Reichle et al. 2017).
Despite the improvements, however, the MERRA-2
corrected precipitation is still subject to errors in the
observed precipitation inputs and the AGCM back-
ground precipitation (used to temporally and spatially
disaggregate the observed precipitation), errors that
ultimately impact the quality of the land surface hy-
drology estimates.
The land surfacemodel and parameters ofMERRA-2
very closely resemble those of MERRA-Land [section
2a(2)], thus carrying the model improvements from
MERRA-Land into the coupled atmosphere–land
MERRA-2 reanalysis. The objective of the present
study is the assessment of the MERRA-2 land surface
hydrology estimates (excluding glaciated surfaces). An
in-depth assessment of the MERRA-2 land surface
energy balance is left for future study. The MERRA-2
skill is compared to that of MERRA-Land, MERRA,
and, where possible, ERA-Interim/Land, a land-only
reanalysis dataset produced recently by the European
Centre for Medium-Range Weather Forecasts
(ECMWF). The paper is organized as follows. Section 2
provides a brief description of the MERRA-2 system
and the data used in this study. Next, the MERRA-2
estimates of terrestrial water storage (section 3a), soil
moisture (section 3b), snow (section 3c), streamflow
(section 3d), and interception loss fraction (section
3e) are evaluated against independent data. Finally,
section 4 provides a summary of the findings and
conclusions.
2. Data
a. The MERRA-2 data product and system
1) OVERVIEW
The MERRA-2 reanalysis is produced by the Na-
tional Aeronautics and Space Administration (NASA)
Global Modeling and Assimilation Office (GMAO)
using the GEOS-5.12.4 system (Bosilovich et al.
2015, 2016; Gelaro et al. 2016, manuscript submitted
to J. Climate; http://gmao.gsfc.nasa.gov/reanalysis/
MERRA-2). MERRA-2 replaces and extends the
original MERRA reanalysis (Rienecker et al. 2011)
and includes updates to the AGCM (Molod et al. 2012,
2015) and to the global statistical interpolation (GSI)
atmospheric analysis scheme of Wu et al. (2002). In
addition to the atmospheric in situ and remote sensing
observations assimilated in MERRA, the MERRA-2
system also ingests observations from newer micro-
wave sounders and hyperspectral infrared radiance
instruments, as well as other new data types. Moreover,
the system preserves the global water balance during
the analysis (Takacs et al. 2016), which mitigates the
water balance discontinuities seen in MERRA and
other reanalysis products owing to observing system
changes (Robertson et al. 2014). MERRA-2 further
includes a comprehensive aerosol analysis (Randles
et al. 2016) and a mass balance over glaciated land
surfaces, including Greenland and Antarctica (Cullather
et al. 2014). However,MERRA-2 does not include a land
surface analysis (besides the precipitation corrections
discussed next).
The MERRA-2 precipitation corrections algorithm
is a refined version of that used in MERRA-Land as
discussed in detail by Reichle et al. (2017); in partic-
ular, see their section 2 and their Figs. 1 and 2.
MERRA-Land used the National Oceanic and Atmo-
spheric Administration (NOAA) Climate Prediction
Center (CPC) unified gauge-based analysis of global daily
precipitation (CPCU)product (Xie et al. 2007; Chen et al.
2008; ftp://ftp.cpc.ncep.noaa.gov/precip/CPC_UNI_PRCP/
GAUGE_GLB), which is available with approximately
2-day latency. These gauge-based, daily, 0.58 CPCU data
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were combined with hourly MERRA precipitation as a
background to construct hourly precipitation forcing with
daily totals matching those of the CPCU observations,
separately for each grid cell.
The MERRA-2 corrected precipitation also uses the
CPCU product but differs from that of MERRA-Land
in three important ways. First, the precipitation correc-
tions in MERRA-2 were implemented within the cou-
pled atmosphere–land reanalysis system. Therefore, the
MERRA-2 land surface forcings at any given time are
impacted by the corrected precipitation prior to that
time (via land–atmosphere feedback during the simula-
tion). Second, the precipitation corrections inMERRA-2
do not extend to the high latitudes, with linear ta-
pering of the corrections between 42.58 and 62.58 lat-
itude and no corrections poleward of 62.58 latitude
(see Fig. 2 of Reichle et al. 2017). Third, over Africa
the MERRA-2 precipitation corrections use the
coarser 2.58, pentad CPC Merged Analysis of Pre-
cipitation (CMAP) product (Xie and Arkin 1997; ftp://
ftp.cpc.ncep.noaa.gov/precip/cmap/), which is based on
satellite as well as gauge observations and available with
approximately 7-day latency. The latter two changes
were made because the poor quality of the gauge-only
CPCU product in Africa and at high latitudes had a
detrimental impact on MERRA-Land estimates, as will
be shown below.
Table 1 summarizes key features of the MERRA data
products. MERRA-2 covers the period from 1980 to the
present and continues to be updated with latency on the
order of weeks. The MERRA-2 AGCM is run on a
cube–sphere grid with an approximate resolution of
50km, the atmospheric analysis is conducted on a
Gaussian grid of similar resolution, and the MERRA-2
output fields are interpolated to a 0.58-by-0.6258 regular
latitude–longitude grid for publication. Note that the
longitudinal resolution of the outputs is slightly different
between MERRA-2 (0.6258) and MERRA/MERRA-
Land (0.6678). Estimates of surface meteorological and
land surface fields are available at hourly time steps. The
specific MERRA-2 data used here include monthly total
landwater storage, snowmass, snow cover fraction (SCF),
runoff, evaporation, and precipitation (GMAO 2015a);
hourly soil moisture, snow mass, snow depth, and snow
cover fraction (GMAO 2015b); and time-invariant land
fractions (GMAO 2015c).
2) LAND MODEL AND PARAMETERS
The land surfacemodel used in allMERRA systems is
the Catchment model (Koster et al. 2000), and the brief
summary of the model provided in this paragraph par-
allels that of Reichle et al. (2011). The Catchmentmodel
explicitly addresses subgrid-scale soil moisture vari-
ability and its effect on runoff and evaporation. The
basic computational element of the model is the hy-
drological catchment (or watershed). Within each ele-
ment, the spatial variability of soil moisture is diagnosed
at each time step from the bulk water prognostic vari-
ables and the statistics of the catchment topography.
The vertical profile of soil moisture is given by the
TABLE 1. Key characteristics of the reanalysis datasets used here.
MERRA-2 MERRA-Land MERRA ERA-Interim/Land
Domain Global atmosphere–land Global land Global atmosphere–land Global land
Year first published 2015 2012 2010 2014
Output period January 1980–presenta January 1980–
February 2016
January 1979–February
2016
January 1979–December
2010b
Output grid (latitude-
by-longitude)
0.58 by 0.6258 0.58 by 0.6678 0.58 by 0.6678 0.758 by 0.758
Output time step Hourly Hourly Hourly 3 hourly (fluxes), 6 hourly
(states)
Surface meteorological
forcing data
MERRA-2 MERRA MERRA ERA-I
Precipitation observa-
tions used
0.58, daily, gauge based
(CPCU) and 2.58,
pentad, satellite/gauge
based (CMAPc)
0.58, daily, gauge
based (CPCU)
None 2.58, monthly, satellite/
gauge based (GPCPv2.1)
Reference Gelaro et al. (2016,
manuscript submitted
to J. Climate)
Reichle et al. (2011) Rienecker et al. (2011) Balsamo et al. (2015)
aMERRA-2 continues to be updated to the present with latency on the order of weeks.
b The present paper uses also unpublished ERA-Interim/Land data for the period January 2011 to December 2014 [section 2b(6)].
c CMAP data are rescaled to the GPCPv2.1 climatology prior to use in MERRA-2 (Reichle et al. 2017).
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equilibrium soil moisture profile and the deviations from
the equilibrium profile, described by variables in a thin
surface layer and a thicker ‘‘root zone’’ layer. Further-
more, the water table depth of shallow (unconfined)
groundwater can also be diagnosed from the model
prognostic variables (Koster et al. 2000, their Fig. 2).
Moreover, in each element the evolution of snow water
equivalent (SWE; or snow mass), snow depth, and snow
heat content in response to surface meteorological
conditions and snow compaction is modeled using three
layers (Stieglitz et al. 2001).
Table 2 summarizes key land surface model input da-
tasets, parameters, and modeling schemes, with a focus
on the elements that are different between the MERRA
data products. For MERRA-2, the Catchment model of
the original MERRA system has been updated with the
rainfall interception and snow model parameters of the
MERRA-Land version (see also Table 2 of Reichle et al.
2011) and with revised soil parameters (labeled ‘‘BLM2’’
in De Lannoy et al. 2014). The rainfall interception pa-
rameter changes act to reduce the amount of rainfall that
directly reevaporates from the canopy (section 3e). The
most important snow model change concerns the mini-
mum snow water equivalent (WEMIN) value, which
governs the model’s snow depletion curve, with the
modeled SCF, given simply by SCF5 SWE/WEMIN for
SWE,WEMIN, and SCF5 1 otherwise, where SWE
is the snow water equivalent in units of kgm22. A
larger WEMIN value thus implies lower SCF for a
given amount of SWE under low snow conditions
(section 3c).
The soil parameter changes (Table 2) include a re-
vised surface soil moisture layer thickness DzS 5 0.05m
in MERRA-2 (compared to DzS 5 0.02m in MERRA-
Land and MERRA) and a fixed root zone soil moisture
layer thickness DzR of 1m (compared to 0.75 # DzR #
1.0m, depending on local conditions, in MERRA-Land
and MERRA). Further changes in MERRA-2 soil pa-
rameters (De Lannoy et al. 2014) include the spatial
interpolation of the depth-to-bedrock parameter, a de-
crease of the vertical decay factor for the saturated hy-
draulic conductivity from 2.17 to 1.0m21, and a few
minor processing changes. Note that there was an error
in a fitting procedure used for one of the underly-
ing topography-related functions in the Catchment
model, which can result in excessive surface soil
moisture variability and a lack of variability in root
zone and total profile soil moisture. This error po-
tentially affects the simulation of soil moisture in
about 2% of all land surface elements (De Lannoy
et al. 2014) and is present in all MERRA data products
to date, including MERRA-2. The error will be corrected
in future datasets.
The time step for the land model integration is 7.5min
in MERRA-2 and 20min in MERRA-Land and
MERRA. Land surface albedo parameters are from
the Moderate Resolution Imaging Spectroradiometer
(MODIS), with MERRA-2 using an 8-day climatology
compared to the monthly climatology used in MERRA
and MERRA-Land (Rienecker et al. 2011; Mahanama
et al. 2015). The monthly climatological vegetation pa-
rameters (leaf area index and greenness) are based on
Advanced Very High Resolution Radiometer observa-
tions and are the same for all MERRA data products.
Finally, MERRA-2 uses the surface turbulence scheme
of Helfand and Schubert (1995), whereas MERRA and
MERRA-Land used the scheme of Louis (1979).
b. Evaluation data and approach
The evaluation of the MERRA products rests on
comparisons to independent datasets. This subsection
summarizes the datasets, processing, andmetrics used to
evaluate the MERRA data products, including a brief
description of the ERA-Interim/Land product for which
skill metrics are computed for reference where possible.
Metrics used here include the bias, the unbiased RMSE
(ubRMSE; or standard deviation of the error), and the
time series correlation coefficient R, each measuring
different aspects of a product’s skill (Entekhabi et al.
2010). Depending on the variable under evaluation, we
focus on the most informative metrics. Throughout the
paper, we use the term ‘‘anomalies’’ when we refer to
time series for which the mean seasonal cycle has been
subtracted. The correlation coefficient of the anomaly
time series is referred to as the ‘‘anomaly R’’ value; note
that the anomaly R metric typically implies a more
stringent assessment in that this metric does notmeasure
(sometimes uninformative) skill from large and reliable
seasonal variations. For a given evaluation, common
masks and minimum data requirements were applied to
all datasets prior to computing the anomalies or metrics.
1) TERRESTRIAL WATER STORAGE
The Gravity Recovery and Climate Experiment
(GRACE) satellite mission provides global retrievals of
monthly terrestrial water storage (TWS) changes, where
TWS includes groundwater, soil moisture, snow, and
surface water (Swenson and Wahr 2006; Wahr et al.
2006; Landerer and Swenson 2012). The data used in this
study are the (unscaled) level-3 GRACEmonthly 18-by-18
land gridded product (version RL05 spherical har-
monics) from the NASA Jet Propulsion Laboratory for
the 13-yr period from 2003 to 2015 (http://GRACE.jpl.
nasa.gov; Swenson 2012). The TWS retrievals are rea-
sonably accurate (;10–30-mm-error standard deviation)
but have coarse resolution in time (monthly) and space
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(;300–400km at midlatitudes) (Rowlands et al. 2005;
Swenson et al. 2006). The retrievals, which are based on
measurements of Earth’s gravity field, are independent of
the reanalysis data and can thus be used to evaluate the
reanalysis estimates.
For the evaluation against GRACE observations, the
monthly mean reanalysis TWS estimates were first
smoothed on their native grid using a 300-km half-width
Gaussian filter to match the resolution of the GRACE
observations and were then regridded onto the 18-by-18
grid of the GRACE data product. Skill metrics were
computed using data for the period from 2003 to 2015.
Anomaly time series were computed by subtracting the
mean seasonal cycle from each dataset, where the mean
seasonal cycle was computed by averaging, for a given
calendar month, the data from all 13 years. Note that
because GRACE observations only provide changes in
TWS (with respect to a reference value) but not a long-
term mean climatology, bias cannot be evaluated.
2) SOIL MOISTURE
For the validation of surface and root zone soil
moisture across a variety of climatological conditions
and land surface characteristics we used in situ mea-
surements from the U.S. Department of Agriculture
(USDA) Soil Climate Analysis Network (SCAN;
Schaefer et al. 2007), the U.S. Climate Reference
Network (USCRN; Bell et al. 2013; Diamond et al.
2013), the Soil Moisture Ocean Salinity Meteorolo-
gical Automatic Network Integrated Application
(SMOSMANIA) sites in southwestern France (Albergel
et al. 2008; Dorigo et al. 2011), and the Oznet network in
Australia’s Murrumbidgee catchment (Smith et al.
2012). In total, we used measurements from 320 sites for
surface soil moisture and 235 sites for root zone soil
moisture. Table 3 lists the number of sites, measurement
depths, and time periods used here for each network.
Note that themultiyear evaluation periods endwith 2014
because of the limited availability of the ERA-Interim/
Land data [section 2b(6)].
Unless noted otherwise, the processing and extensive
quality control of the in situ measurements and the
computation of the metrics match that of De Lannoy
and Reichle (2016); their Fig. 5 illustrates the locations
of the sensors. After quality control of the hourly data,
the in situ measurements were aggregated into daily
averages, metrics were computed from the daily data for
each site separately, and the results were then averaged
using a spatial clustering algorithm. A nearest-neighbor
approach was used to map the reanalysis data to the site
locations. Times and locations where the soil was frozen
or snow covered in the in situ measurements or the re-
analysis data were excluded from the metrics computa-
tion. Daily soil moisture anomalies were computed by
subtracting a seasonally varying climatology (computed
by applying a running 31-day window to the multiyear
average daily values). Confidence intervals were com-
puted for each site individually with consideration of
temporal autocorrelations and then spatially averaged
using the above-mentioned clustering algorithm.
3) SNOW
Snow cover fraction estimates from the reanalysis
products were validated using observations from MODIS
on the NASA Terra spacecraft for the period from 1 June
2000 to 31 May 2015. The level-3, daily, 0.058 climate
modeling grid MODIS snow cover fraction observations
(MOD10C1; Hall et al. 2006) were first screened for cloud
contamination (less than 20% cloud coverage), lake ice,
nighttime conditions, and general data quality (confi-
dence index value greater than 60). Next, the observa-
tions were aggregated to the MERRA-2 grid, provided
observations were available to cover at least 30% of a
given MERRA-2 grid cell and day. MERRA-Land and
MERRA snow cover fraction estimates were interpolated
to the MERRA-2 grid. MERRA-2 grid cells were ex-
cluded from the evaluation if they (i) had a land fraction of
less than 80%, (ii) had fewer than 50 observations during
the evaluation period, or (iii) never had a positive snow
cover fraction in any of the MODIS or reanalysis datasets
TABLE 3. In situ soil moisture measurement networks used for validation. The numbers of sites for the anomaly R metric are given in
parentheses (fewer sites are available because the computation of the anomalies requires a longer record than is needed for the com-
putation of the other metrics).
Network
Number of sites
Depth of sensors used for
validation (cm)
Maximum time period usedSurface Root zone Surface Root zone
SCAN 135 (131) 106 (96) 5 5, 10, 20, 50 2002–14
USCRN 111 (108) 78 (75) 5 5, 10, 20, 50 2009–14
SMOSMANIA 21 (21) 20 (20) 5 5, 30 2010–14
OZNet-Murrumbidgee 53 (29) 31 (29) 4 4, 45 2002–14
All networks 320 (289) 235 (220) — — —
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at any time in the evaluation period. Note that MODIS
snow cover observations rely on visible frequencies and are
not available during polar night.
The reanalysis and observed snow cover fraction
values on the MERRA-2 grid were then converted into
binary snow cover estimates using a snow cover fraction
threshold of 50%, and the probability of detection
(POD) and probability of false detection (POFD; or
false alarm rate) were computed from a contingency
table (Wilks 2006, 260–265). The POD is the ratio of the
number of correctly detected snow-covered conditions
in the reanalysis to the number of snow-covered condi-
tions in the observations, while the POFD represents the
ratio of the number of erroneously detected snow-covered
conditions in the reanalysis to the total number of snow-
free conditions in the observations. Perfect scores are
POD5 1 (higher is better) andPOFD5 0 (lower is better).
Furthermore, the Canadian Meteorological Centre
(CMC) snow analysis product (Brasnett 1999; Brown
and Brasnett 2010) was used to validate snow amounts.
FIG. 1. (a) Skill of MERRA-2 TWS estimates, with skill measured as the monthly time series correlation co-
efficientR against GRACE observations for 2003 to 2015. (b) As in (a), but for anomalyR. (c) TWS skill difference
DR for MERRA-2 skill minus MERRA skill. (d) As in (c), but for DanomR. (e) The DR for MERRA-2 skill minus
MERRA-Land skill. (f) As in (e), but forDanomR. (g) TheDR forMERRA-Land skill minusMERRAskill. (h)As
in (g), but for DanomR. Titles indicate the spatial average across eachmap. Time series variability in masked (gray)
areas is less than GRACE measurement error (section 3a).
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As summarized in Reichle et al. (2011), the CMC product
provides daily snow depth throughout the Northern
Hemisphere at a horizontal resolution of approximately
24km for the period of March 1998 to the present. The
product relies on optimal interpolation of in situ snow
depth measurements and aviation reports with a first-
guess field based on data from the Canadian forecast
model. As in Reichle et al. (2011), we evaluated SWE
estimates after converting the daily CMC product into
SWE data using climatological snow density values. In
addition, we also evaluated the skill in terms of snowdepth
(section 3c). Because of the limited availability of the
CMC and ERA-Interim/Land data [section 2b(6)], we
used only data for the period August 1998 to December
2014. For the evaluation, we regridded the reanalysis data
onto the ;24-km, polar stereographic CMC grid. Daily
SWE anomalies were computed by subtracting a season-
ally varying climatology (computed by applying a running
31-day window to the multiyear average daily values). For
each grid cell, days with zero snow in the CMC climatol-
ogy are excluded from the computation of the skillmetrics.
4) STREAMFLOW
We used naturalized, monthly streamflow gauge data
(Livneh and Lettenmaier 2012; Mahanama et al. 2012)
to assess the reanalysis runoff estimates. The naturalized
streamflow data provide an estimate of the streamflow
that would have occurred in the absence of anthropo-
genic hydrologic effects such as regulation at dams,
evaporation from reservoir surfaces, and water with-
drawals and return flows. The evaluation approach is the
same as that of Reichle et al. (2011), except that here the
comparison starts in 1980 instead of 1989 because we are
no longer limited by the availability of ERA-Interim
(hereafter ERA-I; Dee et al. 2011) data (which at that
timewas available only from 1989 onward). The data are
for 18 basins in the United States, ranging in size from
1900km2 to 1400000km2, and the end dates for the com-
parison range from 1996 to 2010 depending on the basin
(Table 4). Anomaly time series were computed by sub-
tracting the mean seasonal cycle from each dataset, where
the mean seasonal cycle was computed by averaging, for a
given calendar month, the data from all years included in
the comparison. Because the MERRA products lack
routing schemes, we then applied a 3-month moving av-
erage to the (reanalysis and observed) anomalies prior to
computing the time series anomaly correlation coefficients.
Confidence intervals were computed with consideration
of temporal autocorrelations (Reichle et al. 2011).
5) RAINFALL INTERCEPTION
The Global Land Evaporation Amsterdam Model,
version 3.0a (GLEAM v3.0a), product provides daily
global estimates of evaporation components, including
rainfall interception loss, for the period 1980–2014
(Martens et al. 2016, manuscript submitted to Geosci.
Model. Dev. Discuss.). Evaporation estimates are de-
rived using a Priestley–Taylor model driven with satel-
lite observations to the extent possible (Miralles et al.
2011). Rainfall forcing is from the Multi-Source
Weighted-Ensemble Precipitation (MSWEP) product,
which merges satellite, gauge, and reanalysis data (Beck
et al. 2017). Interception dynamics are based on the
model of Gash (1979), which was calibrated using a large
number of in situ observations (Miralles et al. 2010).
Here, we investigate the interception loss fraction I,
defined as the fraction of incoming rainfall (excluding solid
precipitation) that is intercepted by the canopy and directly
reevaporated back to the atmosphere without infiltrating
the soil or contributing to surface runoff. For each product,
we first computed the ratio of the annual total interception
loss to that product’s annual total rainfall. These annual I
values were then averaged into climatological I values.
Desert regions with annual mean MERRA-2 rainfall less
than 0.2mmday21 were excluded from the analysis.
6) ERA-INTERIM/LAND
For soil moisture, snow amounts, and streamflow, we
also compare the skill of the MERRA products to that
of reanalysis estimates from ERA-Interim/Land (Table 1;
Balsamo et al. 2015), a land-only reanalysis based on
ERA-I. Like MERRA-Land, ERA-Interim/Land also
uses a land surface model that was updated from
the version of the underlying atmospheric reanalysis
(ERA-I). Moreover, the surface meteorological forcing
for ERA-Interim/Land is from ERA-I but corrected
with monthly Global Precipitation Climatology Project
(GPCP; Huffman et al. 2009) precipitation. [Note that in
MERRA-2 and MERRA-Land, precipitation correc-
tions are applied at daily or pentad time steps (Reichle
et al. 2017).] Soil moisture in ERA-Interim/Land is
modeled in four layers (0–7, 7–28, 28–100, and 100–
289 cm). For the evaluation against in situ soil moisture
measurements, we used the topmost layer as ‘‘surface’’
soil moisture and averaged the topmost three layers
into a (0–100 cm) root zone soil moisture estimate (using
weights proportional to each layer’s thickness). As with
the MERRA products, ERA-Interim/Land does not
include a land surface analysis. However, ERA-I assimi-
lates screen-level (2m) observations of air temperature and
humidity, which improves the surface meteorological esti-
mates used to force ERA-Interim/Land.
Here, we use the 6-hourly ERA-Interim/Land data
product that is publicly available at ;80-km resolution
from 1989 to 2010 (http://www.ecmwf.int/en/research/
climate-reanalysis/era-interim/land); this product used
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GPCPv2.1 monthly precipitation data for corrections,
except during 2010, when a climatological correction
was applied. For 2011 to 2014, we obtained additional
data from ECMWF that continue the public data record
with monthly precipitation corrections based on
GPCPv2.2 data (G. Balsamo and E.Dutra 2016, personal
communication). An additional minor change in the
2011–14 ERA-Interim/Land product is the improved
masking of ocean grid cells prior to interpolation from the
original reducedGaussianT255 grid onto the 0.758 output
grid. We examined the impact of the ERA-Interim/Land
version change on our results by repeating the soil
moisture and snow amount evaluations (sections 3b and
3c) using reanalysis estimates through 2010 only (not
shown). The results obtained using the shorter time pe-
riod are very similar to those presented below and do not
alter the conclusions.Note that the streamflow evaluation
is only through 2010 [section 2b(4)].
3. Results
In this section, we evaluate several land surface
water stores and fluxes from MERRA-2 and demon-
strate consistent improvements compared toMERRA.
For reference, estimates from MERRA-Land and,
where possible, ERA-Interim/Land are included in the
comparison.
a. Terrestrial water storage
GRACE TWS retrievals permit the validation of the
total land water storage estimates (comprising ground-
water, soil moisture, snow, and canopy water) from the
reanalysis at the monthly, ;300–400-km scale [section
2b(1)]. Figure 1a shows the time series correlation co-
efficient of MERRA-2 TWS estimates versus GRACE
retrievals. Averaged across the globe, the correlation
coefficient is 0.73. In regions with a strong TWS seasonal
cycle and/or significant interannual TWS variability (as
indicated in the GRACE data), including the Pacific
Northwest, the eastern United States, northern South
America, the Sahel, and large portions of Eurasia, the
correlation skill of MERRA-2 ranges from 0.7 to 1.0.
Lower skill values are found in regions where the sea-
sonal and interannual TWS variability is less pro-
nounced, leading to signal-to-noise ratios that are
commensurately smaller. Finally, in the masked (gray)
areas the seasonal and interannual GRACE TWS vari-
ability is less than the latitude-dependent GRACE
measurement error (Wahr et al. 2006, their Fig. 2),
which is usually the case in deserts (Fig. 1a).
Next, Fig. 1c shows the difference in correlation skill
DRbetweenMERRA-2 andMERRA.Averaged across
the globe, the MERRA-2 correlation skill exceeds that
of MERRA by 0.08. The largest improvements are
in South America and Africa, where the precipitation
errors in MERRA vary greatly with season and
where MERRA-2 perhaps benefits the most from the
observation-based precipitation corrections (Reichle et al.
2017). In the northern high latitudes, the TWS correlation
skill of MERRA-2 is, on average, similar to that of
MERRA. Figure 1c further reveals a known issue with
the CPCU precipitation product in Myanmar, where the
TWS skill of MERRA-2 is considerably less than that of
MERRA. Errors in the gauge measurements resulted in
a large discontinuity in 2007 in Myanmar (Reichle et al.
2017). This precipitation discontinuity negatively impacts
the local TWS time series in MERRA-2 (and MERRA-
Land), leading to very poor correlation skill there.
Figure 1e shows the TWS correlation skill difference
between MERRA-2 and MERRA-Land. Globally aver-
aged, the MERRA-2 TWS skill exceeds that of MERRA-
Landby 0.05. The biggest improvements inMERRA-2over
MERRA-Land are in Africa, where MERRA-2 benefits
from corrections with the CMAP satellite-gauge pre-
cipitation product (as opposed to the gauge-only CPCU
product used for MERRA-Land), and in the northern high
latitudes, where MERRA-2 precipitation is not corrected
while MERRA-Land precipitation is based on CPCU data.
Again, since there are very few gauges in Africa and the
northern high latitudes, the quality of the CPCU product in
these regions was considered too poor for use inMERRA-2
(Reichle et al. 2017). The poor quality of theCPCUproduct
in the northern high latitudes and in Myanmar is also re-
flected by the noticeably reduced TWS skill there for
MERRA-Land compared to MERRA (Fig. 1g). Never-
theless, the TWS skill is higher for MERRA-Land than for
MERRA in the Sahel and in southern Africa, despite the
low rain gauge density there.
The skill of the TWS anomaly time series (for which
the mean seasonal cycle is removed, thereby empha-
sizing interannual variations) is shown in Fig. 1b. The
global average anomaly value for MERRA-2 is 0.52,
with values of 0.7 and above in the northernmidlatitudes
and values around 0.5 in most other regions, except for
the central Amazon basin, northwestern and eastern
Canada (Yukon, Quebec, and Newfoundland), central
Africa, and northern India and Myanmar, where the
TWS anomaly R skill values are 0.3 and lower. In some
cases the low skill is due to human-induced trends
that are not modeled in the MERRA systems (e.g.,
the groundwater depletion in northern India; Rodell
et al. 2009).
On average, the MERRA-2 anomaly R exceeds that
of MERRA by 0.11, with strong improvements in many
regions of the world (Fig. 1d), most notably in Africa.
But there are also regions where the anomaly R skill of
2946 JOURNAL OF CL IMATE VOLUME 30
MERRA-2 is worse than that of MERRA, including
portions of high-latitude North America, northern South
America, West Africa, central Asia, and, naturally,
Myanmar. MERRA-2 is also improved compared to
MERRA-Land (average anomaly R difference of 0.08),
with the strongest skill gains in the northern latitudes and
Africa (Fig. 1f); this further supports the decision not to
correct the precipitation in MERRA-2 at high latitudes
and to use the coarser-scale but higher-quality CMAP
precipitation product over Africa rather than the gauge-
only CPCU data. Finally, the MERRA-Land TWS
(anomaly R) skill is better than that of MERRA by 0.03
on average, with improvements in South America but
widespread degradation in the northern high latitudes,
again owing to the scarcity of precipitation gauges in this
region (Fig. 1h).
The results for the TWS skill in terms of the ubRMSE
(not shown) are generally similar to those for R and
anomaly R, with improvements in MERRA-2 over
MERRA and MERRA-Land primarily in South
America and Africa. However, the MERRA-2 ubRMSE
skill is similar to that of MERRA-Land in high-latitude
Eurasia (not shown), despite the fact that the MERRA-2
R and anomaly R values are markedly improved there
(Figs. 1e,f). This suggests that the amplitude of TWS
variations in this region is worse in MERRA-2 than in
MERRA-Land, which is most likely due to the excessive
spring and summer precipitation in MERRA-2 in that
region (Reichle et al. 2017).
b. Soil moisture
Figure 2 shows the skill of surface and root zone soil
moisture estimates from MERRA-2, MERRA-Land,
MERRA, and ERA-Interim/Land, measured against
in situ measurements from the SCAN, USCRN, OZNet,
and SMOSMANIA networks [section 2b(2)]. The aver-
age ubRMSE values range between 0.05 and 0.06m3m23
for surface soil moisture and around 0.04m3m23 for
root zone soil moisture (Fig. 2a). The surface soil mois-
ture ubRMSE for MERRA-2 and MERRA-Land is
0.053m3m23, which is significantly lower than the
MERRA ubRMSE of 0.057m3m23, reflecting the posi-
tive impact of the precipitation corrections and the up-
dates to the canopy interception reservoir and other
model parameters in MERRA-2 and MERRA-Land
[section 2a(2)]. The relative performance of the MERRA
products is similar for root zone soil moisture, although
here the difference between the MERRA-2 and MERRA
ubRMSE is not statistically significant as indicated by the
overlapping 95% confidence intervals.
The ubRMSE metric includes differences in the am-
plitude of the time series variations, which are partly a
reflection of the scale discrepancy between the point
scale of the in situ measurements and the grid scale of
the reanalysis products. The correlation and anomaly
correlation measure relative variations in the time series
including and excluding the seasonal cycle, respectively,
FIG. 2. Skill metrics against in situ soil moisture measurements:
(a) unbiased RMS error (ubRMSE), (b) time series correlation
coefficient R, and (c) anomaly time series correlation coefficient
(anomR). Error bars show 95% confidence intervals. Metrics are
cluster-based average skill values for MERRA-2, MERRA-Land,
MERRA, and ERA-Interim/Land across stations from the SCAN,
USCRN, Oznet, and SMOSMANIA networks (Table 3).
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independent of the time-mean amplitude of the varia-
tions. Therefore, the improvements brought about by the
precipitation corrections are greater in terms of the cor-
relation and anomaly correlation skill metrics (Figs. 2b,c).
Here, the MERRA-2 and MERRA-Land surface and
root zone soil moisture estimates are significantly better
than theMERRAestimates, with increases of;0.07 forR
and ;0.1 for anomaly R. Across all three metrics, the
MERRA-2 and MERRA-Land surface soil moisture es-
timates have nearly identical skill, while MERRA-2 root
zone soil moisture estimates are only slightly (not signifi-
cantly) worse than MERRA-Land estimates.
MERRA-2 and MERRA-Land have nearly identical
precipitation forcing at the soil moisture measurement
sites, which is the key reason for their generally similar
soil moisture performance. The small (nonsignificant)
degradation in MERRA-2 root zone soil moisture
compared to MERRA-Land is most likely due to the
land model parameter changes (Table 2). A similar
small degradation was observed by De Lannoy et al.
(2014, their Table 4) in their (land only) BLM2 experi-
ment compared to their ‘‘BL’’ experiment; these two
otherwise identical experiments use the MERRA-2 and
MERRA-Land soil parameters, respectively. Note that
the small degradation occurs despite the generally im-
proved MERRA-2 surface radiation (Bosilovich et al.
2015) and the more consistent land surface forcing data
in the MERRA-2 system (Reichle et al. 2017). Never-
theless, the results confirm that the soil moisture esti-
mates fromMERRA-2 are an adequate replacement for
those from the land-only MERRA-Land product.
The skill of the soil moisture estimates from ERA-
Interim/Land generally lies between that of MERRA
and MERRA-2. There are, of course, many differences
between the MERRA and ERA-Interim/Land sys-
tems, including the modeling and analysis components
and the spatial resolution [section 2b(6)]. One
important difference is the fact that the precipitation
corrections in ERA-Interim/Land are applied to monthly
totals, whereas they are applied to daily totals inMERRA-
2 andMERRA-Land (except forAfrica, where corrections
are based on pentads, but Fig. 2 does not include stations in
Africa). The precipitation estimates of ERA-Interim/Land
therefore depend on the skill of submonthly variations in
the precipitation forcing from ERA-I. Since our metrics
are based on daily data, it is therefore not surprising that
the ERA-Interim/Land estimates are somewhat less skill-
ful than those ofMERRA-2 andMERRA-Land, as can be
seen, for example, in the ubRMSE values for surface soil
moisture (Fig. 2a) and in the anomaly correlations for root
zone soil moisture (Fig. 2c).
The relative soil moisture performance of the
MERRA products and ERA-Interim/Land is mostly
unchanged when individual networks are considered
(Table 5). One exception, though, is that the R and
anomaly R values for surface soil moisture from ERA-
Interim/Land are better, by 0.04 to 0.08, than those of
MERRA-2 for the OZNet and SMOSMANIA networks.
This is most likely due to the better skill in those regions of
the GPCPv2.1 and GPCPv2.2 precipitation products used
in ERA-Interim/Land compared to the CPCU product
used in MERRA-2. Finally, Table 5 also shows that
MERRA and MERRA-2 exhibit the overall lowest soil
moisture bias. Specifically, the surface soil moisture bias
across all sites is 0.036m3m23 for MERRA, 0.053m3m23
for MERRA-2, 0.059m3m23 for MERRA-Land, and
0.068m3m23 for ERA-Interim/Land. Similarly, the root
zone soil moisture bias across all sites is 0.013m3m23 for
MERRA, 0.016m3m23 for MERRA-2, 0.031m3m23 for
MERRA-Land, and 0.048m3m23 for ERA-Interim/Land.
Finally, we briefly address the implications of the
changes in the precipitation forcing [section 2a(1); Table 1]
and model parameters [section 2a(2); Table 2] on the soil
moisture climate in the MERRA products, which may
FIG. 3. Annual average root zone soil moisture (m3m23) differences (1980–2015): (a) MERRA-2 minus MERRA and (b) MERRA-2
minus MERRA-Land.
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have important implications for applications that use these
data. Figure 3a shows the long-term mean differences in
root zone soilmoisture betweenMERRA-2 andMERRA.
MERRA-2 soil moisture is considerably wetter than
MERRA at high latitudes and in the central Amazon and
Congo basins. MERRA-2 is much drier than MERRA in
Central America, along the coasts of tropical South
America and Africa, and in southeastern Asia. These soil
moisture differences are primarily driven by the strong
differences in the precipitation forcing betweenMERRA-
2 and MERRA (see Fig. 3d of Reichle et al. 2017).
Next, Fig. 3b shows the root zone soil moisture dif-
ferences between MERRA-2 and MERRA-Land,
which at high latitudes and in Africa are also driven by
the differences in precipitation forcing (see Fig. 3c of
Reichle et al. 2017). However, MERRA-2 andMERRA-
Land also exhibit modest soil moisture differences in
areas where their precipitation forcing is the same (i.e., in
the low and midlatitudes, except Africa). In most of this
area, including the eastern United States, northern South
America, and China, MERRA-2 is drier than MERRA-
Land by around 0.05m3m23. The most likely reasons for
the drier conditions in MERRA-2 are the changes in the
vertical decay factor for the saturated hydraulic conduc-
tivity and in the surface turbulence parameterization
(Table 2), which act to enhance soil drainage and drying.
c. Snow
Snow estimates deserve particular attention because
of the changes in high-latitude precipitation and snow
FIG. 4. Snow cover (a),(b) POD and (c),(d) POFD for February based on 2001–15 MODIS observations for
(a),(c) MERRA-2 and (b),(d) MERRA. Gray shading indicates areas that had fewer than 30 daily observations in
the 15-yr period contributing to the POD or POFDmetric. White shading indicates ocean, permanent ice, and land
areas that during the entire 15-yr period (1 Oct 2000–31 May 2015) had fewer than 30 daily observations or were
never fully snow covered in the MODIS observations or any of the reanalysis datasets.
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model parameters in the MERRA systems. Our as-
sessment usesMODIS snow cover observations and the
CMC snow analysis product, which is based on mea-
surements where available, including in situ snow
depth observations [section 2b(3)]. The MODIS data
reveal whether the reanalysis snow is placed at the right
time and in the right location based on a purely ob-
servational reference. The CMC data permit an as-
sessment of the snow amounts against a widely
accepted (but not purely observational) data product.
It should be noted again that none of the reanalysis
products evaluated here includes a snow analysis.
First, Fig. 4 shows the PODand POFDversusMODIS
snow cover observations [section 2b(3)] for MERRA-2
and MERRA during the month of February based on
2001–15 daily data. Both products generally exhibit high
PODvalues of 0.9 and greater at latitudes north of about
508N (Figs. 4a,b). POD values are much lower and
typically less than 0.5 along and below 458N in the in-
terior of Asia and in western North America, including
the Canadian prairies. Overall, MERRA-2 has a lower
(worse) average POD (0.86) than MERRA (0.91). The
POFD values for February, shown in Figs. 4c,d are
typically below 0.025, but in Asia along 508N there are
isolated patches of POFD values as high as and ex-
ceeding 0.25. Overall, MERRA-2 has substantially
fewer patches of high POFD and a lower (better) av-
erage POFD value (0.012) than MERRA (0.035). The
February POD and POFD metrics for MERRA-Land
are very similar to those for MERRA-2 (not shown).
Next, Fig. 5a shows time series of monthly climatol-
ogies for snow-covered area from MODIS and the
MERRA products. Throughout the year, all MERRA
products slightly underestimate the snow-covered area
(Fig. 5a) by 10%–30%, with MERRA-Land generally
having the largest (negative) bias, MERRA the smallest,
and MERRA-2 falling between the two but generally
closer to MERRA-Land. The snow cover bias is also
reflected in the time series of POD and POFD versus
MODIS (Figs. 5b,c), with MERRA-2 typically having
lower (worse) POD values but also lower (better) POFD
values than MERRA. Exceptions occur in April and
May, when the snow cover area bias is nearly the same
for all MERRA products, but the MERRA-2 POD
values are higher than those of MERRA and MERRA-
Land. Moreover, during the early season (October and
November), MERRA-2 snow cover area and POD
values are noticeably better than those of MERRA-
Land, which, again, has amore pronounced negative bias.
The differences in snow cover performance between
MERRA-2, MERRA-Land, and MERRA are due to
the differences in the forcing, primarily precipitation
and in the snowmodel parameters, primarily the change
from the WEMIN value of 13 kgm22 in MERRA to
26 kgm22 in MERRA-Land and MERRA-2 [Table 2;
section 2a(2)]. Because of their higher WEMIN value,
MERRA-2 and MERRA-Land tend to have lower SCF
values than MERRA under low snow conditions. For
FIG. 5. (a) Mean total land area that is covered by snow, ex-
cluding glaciated surfaces, lake ice, and areas not observed by
MODIS (e.g., during polar night). (b) Mean snow cover POD vs
MODIS. (c) Mean snow cover POFD vs MODIS. Mean values are
computed using data from 1 Oct 2000 to 31 May 2015.
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example, in November MERRA-2 has much lower SCF
than MERRA (Fig. 6a) nearly everywhere, despite
MERRA-2 having greater SWE than MERRA
(Fig. 6d). In the middle of the snow season (February),
the much lower SCF in MERRA-2 (compared to
MERRA) along and below 458N in the interior of Asia
and in western North America, including the Canadian
prairies (Fig. 6b), corresponds to lower SWE in
MERRA-2 (Fig. 6e), which exacerbates the impact of
the higher WEMIN parameter in MERRA-2. Late in
the snow season, by contrast, the May SCF for
MERRA-2 exceeds that for MERRA at high latitudes
(Fig. 6c) because MERRA-2 has much more SWE than
MERRA in that region (Fig. 6f)—somuchmore, in fact,
as to overcome the impact of the higher WEMIN pa-
rameter in MERRA-2.
Next, Fig. 7 provides an assessment of SWE skill for
MERRA-2, MERRA-Land, MERRA, and ERA-
Interim/Land against CMC data [section 2b(3)]. For
the correct interpretation of this figure, it is important to
keep in mind where the CMC snow analysis is informed
by in situ snow depth measurements. This is shown in
Fig. 8, which indicates for each grid cell the mean dis-
tance d to the nearest measurement used in the CMC
snow analysis. Most of the in situ measurements are in
the midlatitudes, with relatively few measurements
available poleward of 608N except in Scandinavia and
southern Alaska. No measurements are available in
China. We consider the CMC data reliable and compute
the spatially averaged metrics shown in Table 6 only for
grid cells with d # 100km, shown in dark blue colors in
Fig. 8. In these regions, the SWE bias of MERRA-2
versus CMCobservations is generally small (Fig. 7a) and
only 0.4 kgm22 on average (Table 6). In the high lati-
tudes, MERRA-2 has a pronounced positive bias, with
mean SWE values exceeding those of the CMC product
by up to 70kgm22 (Fig. 7a). While the CMC estimates
may not be reliable in the high latitudes, this result
provides further evidence that the systematic SCF un-
derestimation in MERRA-2 associated with its in-
creased WEMIN value is partially compensated by
excessive snow amounts.
The SWE bias for MERRA-Land (Fig. 7c) and
MERRA (Fig. 7e) has a spatial pattern similar to that of
MERRA-2 but with a slightly stronger negative bias in
midlatitudes and a smaller positive bias at high latitudes.
On average across the regions where CMC data are
reliable, the SWE bias is 29.7 kgm22 for MERRA-
Land and 23.4 kgm22 for MERRA (Table 6). ERA-
Interim/Land overestimates SWE in most of Eurasia
and in northwestern North America and underestimates
SWE inmost of the rest of NorthAmerica (Fig. 7g), with
FIG. 6. (a) Mean difference betweenMERRA-2 andMERRA SCF for November. (b) As in (a), but for February. (c) As in (a), but for
May. (d)As in (a), but for SWE. (e)As in (d), but for February. (f) As in (d), but forMay.Mean values are computed using data from 1Oct
2000 to 31 May 2015.
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FIG. 7. (a) Bias and (b) anomaly time series correlation coefficient of MERRA-2 SWE estimates vs
CMC data [section 2b(3)]. (c),(d) As in (a),(b), but for MERRA-Land. (e),(f) As in (a),(b), but for
MERRA. (g),(h) As in (a),(b), but for ERA-Interim/Land. Metrics are computed for August 1998–
December 2014.
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an average positive bias of 14.1 kgm22 in the station-
covered area (Table 6). Compared toMERRA-2, ERA-
Interim/Land has an even stronger positive SWE bias in
northcentral Siberia. All reanalysis products share a
very strong negative SWE bias against CMC over the
Tibetan Plateau. Given the absence of in situ measure-
ments in Tibet (Fig. 8), CMC is likely to overestimate
snow amounts in that region (R. Brown 2016, personal
communication).
Figure 7 also shows SWE skill in terms of the anomaly
R values versus daily CMC estimates, reflecting the
ability of the reanalysis products to estimate synoptic
events and interannual variability. The MERRA-2
anomaly R values range from 0.5 to 0.8 in most regions
except Tibet, where skill values are close to zero (Fig. 7b).
The highest skill values are in easternNorthAmerica and
most of Europe, where the precipitation gauge network is
relatively dense. These areas of good skill (for which the
average anomaly R value is 0.66; Table 6) also coincide
with the regions that have the highest density of in situ
snow depth measurements supporting the CMC esti-
mates (Fig. 8).
The anomaly R value for MERRA-Land SWE is 0.61
on average (in areas within 100 km of in situ measure-
ments; Table 6) and thus lower than that of MERRA-2.
The MERRA-Land SWE skill is lower than that of
MERRA-2 primarily in eastern Siberia, northern and
western Canada, and Alaska (Fig. 7d). In these regions,
the CPCUproduct that was used to correct theMERRA-
Land precipitation is based on very few gauges and sub-
ject to large errors. The improved MERRA-2 SWE skill
compared to MERRA-Land thus further supports the
decision not to correct the precipitation in MERRA-2 at
high latitudes. [Note that the climatological discontinu-
ities inMERRA-Land SWE in 1982 and in 1998 shown in
Fig. 2 of Mudryk et al. (2015) are not captured in the
evaluation against CMC data, which start in 1998.] The
MERRASWE skill is 0.62 on average in the areas within
100km of in situ snow measurements (Table 6). It is
similar to that of MERRA-2 except for the Canadian
Archipelago, where MERRA is less skillful than
MERRA-2 (Fig. 7f). Finally, the skill of the ERA-Interim/
Land SWE estimates is 0.67 on average (Table 6), which is
slightly higher than that of MERRA-2. ERA-Interim/
Land has higher skill than MERRA-2 in western Eurasia
and eastern NorthAmerica but lower skill thanMERRA-2
in central Eurasia and in the few high-latitude areas that
have snow measurements (Fig. 7h).
Table 6 provides additional skill metrics versus CMC
SWE data, including ubRMSE and R values, as well as
metrics for snow depth. The relative performance of the
reanalysis snow depth products is very similar to that of
the SWE estimates (which suggests that the conversion
of the CMC snow depth data into SWE using climato-
logical snowdensities is indeed acceptable). ERA-Interim/
Land has the best R value of the four products, while
MERRA-2 and MERRA are best in terms of ubRMSE.
Across all metrics, MERRA-Land tends to do the worst,
which provides further evidence that the CPCU pre-
cipitation product should not be used at high latitudes.
d. Streamflow
While the MERRA data products generally un-
derestimate runoff and overestimate latent heat fluxes
TABLE 6. Skill metrics vs CMC data. Metrics are area-weighted spatial averages over grid cells for which nearby in situ snow depth
measurements contribute to the CMC analysis. See Fig. 8 for coverage.
Bias ubRMSE R Anomaly R
SWE Snow depth SWE Snow depth SWE Snow depth SWE Snow depth
(kgm22) (m) (kgm22) (m) (dimensionless)
MERRA-2 0.4 0.007 29.2 0.081 0.82 0.82 0.66 0.67
MERRA-Land 29.7 20.021 29.9 0.083 0.79 0.80 0.61 0.62
MERRA 23.4 20.004 29.0 0.080 0.79 0.80 0.62 0.64
ERA-Interim/Land 14.1 0.106 31.6 0.094 0.82 0.84 0.67 0.69
FIG. 8. Mean (2000–09) distance d (km) to the closest in situ
measurement used in the CMC snow depth analysis. Themetrics of
Table 6 are averages only over grid cells with d # 100 km (shown
here in dark blue colors).
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(Lorenz and Kunstmann 2012; Reichle et al. 2017), they
nevertheless provide value in terms of the estimated
time series variations. Figure 9 shows the streamflow
skill for MERRA-2, MERRA-Land, MERRA, and
ERA-Interim/Land estimates, measured as the anomaly
time series correlation coefficient against naturalized
streamflow observations [section 2b(4)]. The figure
shows skill for basins ordered by decreasing size.
Generally, the MERRA-2 streamflow skill (anomaly
R) values range from 0.5 to 0.9 (Fig. 9). In four of the
nine major basins assessed here (Ohio, upper Mis-
sissippi, Arkansas, and Arkansas-Red), the MERRA-2
skill significantly exceeds that of MERRA, owing to
both MERRA-2 precipitation corrections and model
improvements. On balance, the MERRA-2 streamflow
skill also slightly exceeds that of MERRA-Land, albeit
not with statistical significance. Since the precipitation
forcing in MERRA-2 and MERRA-Land is essentially
the same for the basins examined here (except for the
tapering back to the AGCM-generated precipitation in
FIG. 10. Annual mean (1980–2014) interception loss fraction (dimensionless) from (a) GLEAM v3.0a, (b) MERRA-2, (c) MERRA-
Land, and (d)MERRA. Titles indicate the spatial average and standard deviation across eachmap. Regions with annualmeanMERRA-2
rainfall less than 0.2mmday21 were masked out. Note the different color scale for MERRA.
FIG. 9. Seasonal anomaly time series correlation coefficients (dimensionless) for runoff estimates from MERRA-2,
MERRA-Land, MERRA, and ERA-Interim/Land. See Table 4 for details about the basins, which are in order of
decreasing size.
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MERRA-2 poleward from 42.58 latitude; Reichle et al.
2017), the small improvements in skill from MERRA-
Land to MERRA-2 can be attributed primarily to the
changes in theMERRA-2Catchmentmodel parameters
[Table 2; section 2a(2); De Lannoy et al. 2014]. Finally,
the average streamflow skill of ERA-Interim/Land is
almost identical to that of MERRA-2.
e. Interception loss fraction
As discussed by Reichle et al. (2011), one major mo-
tivation for the development of MERRA-Land was the
significant overestimation in MERRA of the in-
terception loss fraction I, defined as the fraction of in-
coming rainfall intercepted by the canopy and
reevaporated [section 2b(5)]. The estimated I values are
very sensitive to the treatment of canopy interception in
the land surface model and to the rainfall and radiation
forcing. It is thus useful to assess the interception loss
fraction in MERRA-2. As a reference, Fig. 10a shows
climatological estimates of I from GLEAM data [section
2b(5)]. The largest I values are found in the boreal forests
of NorthAmerica, Scandinavia, andRussia, ranging from
I5 0.12 to I5 0.24. Somewhat smaller values are found in
the southeastern United States and parts of Europe as
well as in the tropical rain forests of Southeast Asia and
the Amazon and Congo basins, with values ranging from
I5 0.06 to I5 0.21. The correspondingmap forMERRA
is shown in Fig. 10d (note the different color scale). As
summarized inReichle et al. (2011),MERRA’s average I
values are greater than 0.24 almost everywhere, even in
nonforested areas (e.g., the U.S. Great Plains), and even
exceed 0.5 in some regions. Globally averaged, MERRA’s
interception loss fraction is I 5 0.33. While there is con-
siderable uncertainty in global interception products, in-
cluding GLEAM estimates, the MERRA I values are
obviously too high and not realistic.
The I values of MERRA-2 (Fig. 10b) are far more
realistic than those of MERRA. The global average for
MERRA-2 is I 5 0.12, which is higher than the global
average I5 0.05 suggested by GLEAM but matches the
value of I5 0.12 reported by Sakaguchi and Zeng (2009)
for the Community LandModel, version 3.5. The spatial
pattern of I from MERRA-2 is similar to that of
GLEAM, with the highest values in forested areas. The
generally higher interception loss inMERRA-2 is partly
the result of the subdaily (or subpentad) temporal dis-
tribution of the rainfall forcing. Even though the daily
(or pentad) precipitation totals in MERRA-2 are pre-
scribed from observations [section 2a(1)], the intensity
of rainfall in MERRA-2 is too low at subdaily (or sub-
pentad) time scales, particularly for convective rainfall
events (Reichle et al. 2017). This underestimation of
rainfall intensity in MERRA-2 is due to the use of the
MERRA diurnal precipitation as the background field
in the precipitation corrections algorithm and contrib-
utes to the overestimation of the I values in MERRA-2.
Moreover,Martens et al. (2016, manuscript submitted to
Geosci. Model. Dev. Discuss.) report that GLEAM
v3.0a has less interception than earlier GLEAM ver-
sions because its updated, higher-resolution land-cover
inputs have larger bare-soil fractions than earlier
GLEAM products and, presumably, MERRA-2.
Even though the canopy interception model is the
same in MERRA-2 and MERRA-Land, there are no-
ticeable differences between the interception loss frac-
tions in the two systems. While the global average value
of I 5 0.06 for MERRA-Land is close to that of
GLEAM (I 5 0.05), the spatial distribution of the in-
terception loss fraction in MERRA-Land appears too
smooth, with some overestimation of the lower values in
nonforestedmidlatitude regions and an underestimation
of the higher values in the boreal and tropical forests
(Fig. 10c). The differences in I between MERRA-Land
and MERRA-2 stem from at least three factors. First,
the difference in the surface turbulence schemes of
MERRA-Land (Louis 1979) and MERRA-2 [Helfand
and Schubert 1995; section 2a(2)] impacts the reevapo-
ration of the water intercepted by the canopy. Second,
the surface radiation forcing is generally more realistic
in MERRA-2 than in MERRA-Land (Reichle et al.
2017). Third, the differences in I at high latitudes and in
tropical Africa are partly a consequence of the differ-
ences in the precipitation forcing there (see Fig. 3c of
Reichle et al. 2017).
4. Summary and conclusions
The recent MERRA-2 atmospheric reanalysis pro-
vides global, 1-hourly estimates of land surface condi-
tions for 1980 to present at about 50-km spatial
resolution. MERRA-2 replaces the MERRA data
product, which was first published in 2010. In this paper
we investigated the skill of the MERRA-2 land surface
hydrology estimates, including terrestrial water storage,
soil moisture, snow, runoff, and rainfall interception.
TheMERRA-2 land surface is forced with precipitation
that is a merger of observational data products and the
precipitation generated by the AGCM within the
MERRA-2 system. Because of the precipitation cor-
rections and because of improvements in the land sur-
face model, the skill of the MERRA-2 land surface
hydrology estimates (vs independent data) is generally
(but not always) greater than that of MERRA esti-
mates. MERRA-2 also shows improvements compared
to MERRA-Land, a land-only reanalysis product that
supplemented MERRA and benefited from earlier
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versions of the precipitation corrections and land model
improvements.
Monthly terrestrial water storage (TWS) estimates
from MERRA-2 show better R and anomaly R values
versus GRACE observations than do those from
MERRA (Fig. 1). The improvements in MERRA-2 are
most pronounced for South America and Africa, where
the (corrected) MERRA-2 precipitation is most im-
proved compared toMERRAprecipitation. MERRA-2
TWS estimates are also better than those of MERRA-
Land, with improvements driven mainly by the im-
provedMERRA-2 precipitation corrections over Africa
and the (intentional) lack of (gauge based) corrections
at high latitudes. However, the evaluation against
GRACE observations also reveals how poor pre-
cipitation gauge data over Myanmar adversely impact
the skill of MERRA-2 TWS estimates. Furthermore,
daily surface and root zone soil moisture estimates from
MERRA-2 have good skill against in situ measurements
from between 220 and 320 stations in the United States,
France, and Australia (Fig. 2; Table 5). Generally, the
MERRA-2 soil moisture skill (in terms of ubRMSE, R,
and anomalyR values) is significantly better than that of
MERRA, somewhat better than that of ERA-Interim/
Land, and similar to that of MERRA-Land. Because of
the changes in precipitation forcing and soil parameters,
the soil moisture climatologies ofMERRA-2,MERRA-
Land, andMERRA differ (Fig. 3), which is important to
consider when the data are used in applications.
The evaluation of MERRA-2 daily snow cover skill
(against MODIS observations) reveals that MERRA-2
has both a lower (worse) POD and a lower (better)
POFD than MERRA (Figs. 4 and 5). This result is a
combination of two factors. First, in the middle of the
snow season, MERRA-2 has less snow water equivalent
(SWE) than MERRA at the lower latitudes (Fig. 6e),
where snow cover is most dynamic throughout the cold
season and thus most difficult to estimate. (MERRA-2
SWE exceeds that of MERRA in the global average.)
Second, the WEMIN snow model parameter, which
governs the model’s snow accumulation and depletion
curve, is twice as large in MERRA-2 as in MERRA,
which contributes to the systematic underestimation of
the snow cover fraction inMERRA-2, particularly early
in the snow season. POD values for MERRA-2 are
better than those of MERRA only late in the season,
when the excessive MERRA-2 SWE accumulation at
high latitudes takes longer to melt. A comparison of the
mean MERRA-2 SWE and snow depth against the in-
dependent CMC product also suggests that MERRA-2
has too much snow at high latitudes and not quite
enough atmidlatitudes (Fig. 7; Table 6). Nevertheless, in
terms of SWE and snow depth metrics against CMC
data, the MERRA-2 skill is somewhat greater than that
of MERRA-Land andMERRA and comparable to that
of ERA-Interim/Land.
Seasonally averaged runoff estimates from MERRA-2
show good skill (in terms of anomaly time series cor-
relations) against naturalized streamflow estimates from
nine large and nine small basins in the United States
(Fig. 9; Table 4). The skill of MERRA-2 is significantly
better than that of MERRA at four of the nine large
basins. On average, MERRA-2 runoff skill is somewhat
better than that of MERRA-Land and is comparable to
that of ERA-Interim/Land. Finally, the interception loss
fraction estimates of MERRA-2 exhibit good skill
against an independent data product, with MERRA-2
being much better than MERRA and comparable to
MERRA-Land (Fig. 10).
Preliminary results from a forthcoming publication
suggest that MERRA-2 has smaller biases in land
surface turbulent heat fluxes than MERRA com-
pared to multiple independent reference datasets. The
MERRA-2 latent heat fluxes also have consistently
improved monthly anomaly correlations versus the
same independent datasets, including in regions where
evapotranspiration is moisture limited (and thus sen-
sitive to improved precipitation) and regions where it
is not (reflecting the importance of model parameter
changes, specifically those associated with rainfall in-
terception). It is thus particularly encouraging to note
that the enhancements in the MERRA-2 land surface
hydrology estimates are paired with better estimates
of the land surface energy balance.
Looking ahead, there are several avenues for further
improvements in land surface hydrology estimates from
reanalysis systems, including improvements in the ap-
proach used to impose precipitation corrections. Out-
side of the high latitudes, the corrected MERRA-2 land
surface precipitation forcing relies on high-quality, daily
(or pentad) observational data products that go back to
the 1980s and are updated to the present with latency on
the order of weeks. In the high latitudes, however, such
data products are not available, and, unfortunately, the
MERRA-2 AGCM-generated precipitation exhibits a
pronounced wet bias in spring and summer (Reichle
et al. 2017). One possible way to improve high-latitude
precipitation is to apply climatological rescaling factors
to the AGCM-generated precipitation based on long-
term, monthly data products such as those from the
Global Precipitation Climatology Project (Huffman et al.
2009). This approach was not an option for MERRA-2
because it requires knowledge of the climate of the re-
analysis precipitation prior to its generation. Climato-
logical precipitation rescaling in the high latitudes,
however, is an option for land-only data products such as
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the SMAP level-4 soil moisture product (Reichle et al.
2016) or, possibly, a supplemental, land-only ‘‘MERRA-2/
Land’’ reanalysis (similar to what MERRA-Land is for
MERRA).Users ofMERRA-2 atmospheric forcingwith a
particular interest in the high latitudesmay likewise benefit
from climatological rescaling of the precipitation. The ap-
proach might also work for reanalysis systems that have
been used in NumericalWeather Prediction operations for
several years prior to the generation of the reanalysis.
Not counting the precipitation corrections, MERRA-2
does not include a land surface analysis. ERA-I (but
not ERA-Interim/Land) includes a simple snow analysis
and an analysis of screen-level air temperature and hu-
midity observations. Land data assimilation hasmatured
to the point where it should be possible to include more
comprehensive and sophisticated land surface data as-
similation elements in future atmospheric (or coupled
atmosphere–ocean) reanalysis systems. The assimilation
of soil moisture and snow observations in particular
complements the use of precipitation observations. This
complementarity will be most valuable where the pre-
cipitation gauge network is sparse or when precipitation
occurs as snowfall, which is difficult to measure. Future
global reanalysis systems are also likely to include esti-
mates of land carbon (and possibly nitrogen) fluxes and
stores, given that dynamic vegetation phenology mod-
ules are now being included in the land surface com-
ponents of global NWP systems (Boussetta et al. 2013;
Koster and Walker 2015).
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